We examine the properties of a returns-based representation of earnings quality, estimated from firmspecific asset pricing regressions augmented by an earnings quality mimicking factor. The coefficient on the earnings quality factor (the "e-loading") captures the sensitivity of the firm's returns to earnings quality in a given year or quarter, analogous to beta as a measure of the sensitivity of returns to market movements. Relative to other proxies for earnings quality, e-loadings can be calculated for larger samples of firms and can be estimated for shorter intervals at any point in time. Along all dimensions examined, we find that e-loadings perform well in capturing notions of earnings quality.
Introduction
We analyze a returns-based measure of earnings quality that can be estimated for a given firmyear (in extensions, we show the results are generalizable to a firm-quarter). Our measure is the slope coefficient from a regression of a firm's daily excess returns in year T on a factor mimicking portfolio capturing earnings quality, controlling for other factors known to affect returns (market risk premium, size and book-to-market ratio). We build on the factor mimicking portfolio approach introduced by Fama and French (1993) and applied by Francis, LaFond, Olsson and Schipper (2005) to demonstrate a risk premium for firms with poorer earnings quality, as captured by Dechow and Dichev's (2002) measure of accruals quality (AQ). Specifically, we follow Francis et al.'s (2005) procedures to create an AQ factor mimicking portfolio (AQfactor), except that we use daily returns rather than monthly returns to estimate the asset pricing regressions.
1 Next, for each firm with at least 100 daily returns observations in year T=1970-2003, we estimate 1-factor and 3-factor annual regressions that add AQfactor as an independent variable. Just as the CAPM beta captures exposure to market risk, so too will the coefficient on AQfactor in these regressions -the e-loading -capture investor perceptions of the firm's earnings quality exposure in year T (a larger e-loading implies greater sensitivity to poor earnings quality).
Capturing the returns consequences of a firm characteristic by applying a factor-mimicking portfolio is not new, nor are construct validity tests of those returns consequences. For example, Fama and French (1993) propose and validate the use of factor-mimicking portfolios and associated loadings as proxies for firm size and book-to-market; 2 and Lamont, Polk and Saá-Requejo (2001) probe the existence of a factor capturing the degree to which firms are financially constrained. Our paper extends this body of work by proposing and validating e-loadings as a returns-based representation of earnings quality.
We view earnings quality as a measure of information risk, and we define earnings quality in terms of precision, namely, the mapping of current accruals into current, last year and next year cash flows. Following Dechow and Dichev (2002) , we term this mapping accruals quality, and denote it by AQ. Theoretical support for the view that information uncertainty is a nondiversifiable (i.e., priced) risk factor is provided by Easley and O'Hara (2004) 3 and Leuz and Verrecchia (2005) . Empirical support for the view that earnings quality as measured by accruals quality is priced is provided by Francis et al. (2005) who show that the returns representation of the AQ measure, AQfactor, enters 1-and 3-factor asset pricing regressions with a reliably positive average coefficient estimate. Thus, conditioning on theory that shows information uncertainty is a priced risk factor, and on Francis et al.'s (2005) empirical evidence that the market prices information risk as captured by earnings quality measured by AQ, we view e-loadings as capturing the sensitivity of stock returns to earnings quality.
As discussed in more detail in section 2, our paper contributes to the earnings quality literature by establishing an earnings quality metric that offers several advantages relative to traditional earnings quality measures (either measures derived from accounting data or measures derived from both returns and accounting data). First, e-loadings can be measured for firms that lack the time series of accounting data that is typically required for estimating accounting-based measures of earnings quality. Therefore, eloadings can be measured for much larger (and more representative of the population) samples of firms, increasing sampling power and generalizability. Second, e-loadings can be reliably measured over intervals as short as a quarter, so they can be used to analyze changes in earnings quality associated with specific events. In addition, the returns-based representation approach is flexible, in that other earnings attributes, such as smoothness and persistence, can also be represented by factor loadings. As we discuss 3 In Easley and O'Hara's (2004) model, the risk premium associated with information uncertainty is a function of private information (which pertains to information asymmetry) and the precision of public and private information. Our accruals quality measures focus on the precision of current accruals with respect to cash flows; as such, we view it as capturing the precision of public information. In extensions of our main tests, we consider the overlap between e-loadings and two trading-based measures of information asymmetry: bid-ask spreads (which reflect both public and private information) and probability-of-informed trading (PIN) scores (which arguably focus more on private information).
in section 2, these advantages permit researchers to examine earnings quality in settings and for samples which are difficult (or not possible) to examine with traditional measures of earnings quality.
Our analysis of the properties of e-loadings as measures of earnings quality has four components.
First, we investigate whether e-loadings vary cross-sectionally with characteristics expected to be related to earnings quality and, separately, with other proxies for earnings quality. Second, we examine whether e-loadings are associated with predictable variation in market participant behavior with respect to earnings. These tests focus on whether investors attach lower earnings response coefficients to higher eloading firms and whether there is greater dispersion and less accuracy in analysts' earnings forecasts for higher e-loading firms. Third, we conduct over-time analyses examining whether e-loadings exhibit systematic patterns as a function of firm age, where age proxies for the amount of information available about the firm. We predict that investor perceptions of earnings quality are more uncertain (leading to higher e-loadings) and less stable (leading to lower autocorrelation in e-loadings) for young firms where less information is available. Fourth, we examine whether e-loadings are higher in three settings associated with poor earnings quality: restatements, shareholder lawsuits, and bankruptcy.
In terms of the first analysis, we find that earnings quality determinants are significant in explaining variation in e-loadings, and that e-loadings exhibit predictably positive correlations with most other proxies for earnings quality. Our second analysis shows that firms with higher e-loadings have lower earnings response coefficients and more dispersed and less accurate analysts' forecasts, consistent with market participants perceiving higher e-loading firms as having noisier earnings signals than lower e-loading firms. Results of our third analysis, of differences in the level and stability of e-loadings as a function of firm age, are also consistent with predictions: as the firm matures, we find both an over-time decline in the magnitude of its e-loading as well as an over-time increase in the autocorrelation of its eloading. Our fourth analysis reveals that e-loadings are larger in settings characterized by poor earnings quality: e-loadings increase prior to, and are highest during, years containing restatement announcements, lawsuit filings, or bankruptcies. The level and change in e-loadings for firms affected by these events is also significantly larger than the levels and changes observed for samples of non-event firms, matched in calendar time. Results for all analyses are significant at the 0.05 level or better.
In summary, we document the reliability of e-loadings using the following measures: (i) correlation between e-loadings and both the Dechow-Dichev innate determinants of earnings quality and seven other earnings quality proxies, (ii) the relation between e-loadings and both earnings response coefficients and forecast accuracy and dispersion, (iii) over time changes in e-loadings as a function of firm age, and (iv) the behavior of e-loadings around earnings restatements, class action lawsuits, and bankruptcies. We interpret the combined results as demonstrating the reliability of e-loadings as a returns-based representation of earnings quality, controlling for other factors known to affect returns.
To examine the robustness and generalizability of our findings, we extend our tests in several ways. First, we verify that our results are not driven by the subset of firms with the necessary data to calculate the accounting measure (AQ) which underlies AQfactor. Second, we examine whether eloadings based on other measures of earnings quality perform as well as e-loadings based on accruals quality. Of the seven measures that we consider (persistence, predictability, smoothness, value relevance, timeliness, conservatism, and a measure of abnormal accruals), e-loadings based on mimicking factors for both persistence and smoothness appear to perform about as well as e-loadings based on accruals quality.
However, none of the seven measures systematically dominates e-loadings based on accruals quality.
Third, we probe the reliability of e-loadings calculated over quarterly estimation intervals, where we require at least 45 daily returns in quarter Q to calculate the firm-quarter e-loading. Quarterly e-loadings exhibit the same patterns found for yearly e-loadings, except that the confidence intervals are wider;
however, results are significant at the 10% level or better. Fourth, we examine the overlap between eloadings and two trading-based measures of information asymmetry -bid-ask spreads and probability of informed trading (PIN) scores. The correlations range between 0.12 and 0.16 and, while reliably different from zero, are relatively weak in economic terms. To determine the influence of spreads and PIN scores on e-loadings, we orthogonalize e-loadings with respect to these measures and repeat our tests. Results are similar, suggesting that the effects we document for e-loadings are not subsumed or driven by trading- While we believe that our results demonstrate that an earnings quality measure based on eloadings offers significant advantages compared to existing earnings quality measures, our results do not speak to whether e-loadings are the best measure The choice of the best earnings quality measure will be a function of, among other things, the nature of the research question addressed, the assumptions necessary to support the chosen research design, and available data. For example, the e-loading explored in this paper is a measure of investors' perception of total earnings quality, not discretionary earnings quality. In a research setting that demands a measure of the portion of earnings quality that is solely attributable to managements' discretionary actions and behaviors, a different measure of earnings quality would likely be preferred.
Two other caveats about the use of e-loadings are also in order. First, unlike measures that rely exclusively on accounting data, e-loadings capture the market's perception of earnings quality. If market beliefs are not rational, those perceptions may differ from the reality of the firm's earnings quality.
(Because our tests focus on broad samples of firms over a 34-year period, it is unlikely that our results are attributable to systematic mispricing.) Second, our analyses of the reliability of e-loadings focus on the cross-sectional distribution of empirical measures of an unobservable construct, not on the correctness of an estimated magnitude. 5 Our results have no implications for the magnitudes of the e-loadings, and theory does not predict values for these magnitudes. In this respect, e-loadings are similar to s-and hloadings (for SMB and HML); only the CAPM beta has a value that derives from theory.
The rest of the paper is organized as follows. The next section elaborates on the characteristics of returns-based measures of earnings quality and their advantages relative to existing earnings quality measures. Section 3 lays out the construction of the AQfactor mimicking portfolio and the estimation of the e-loadings. Section 4 describes the main samples used in our tests, section 5 describes the empirical analyses, and section 6 presents extensions. Section 7 summarizes the findings and concludes.
Returns-Based Representations versus Accounting-Based Representations of Earnings Quality.
In this section we describe how a returns-based representation of earnings quality offers two distinct but related advantages over earnings quality measures derived from accounting data. (While we focus on accounting-based measures, much of the discussion also applies to measures derived from a combination of accounting and market data, for example, the explanatory power of earnings for returns.)
Those advantages derive from differences in data requirements and periodicity of estimation. We also describe the types of research settings where a returns-based measure like the one we propose and validate might be used, and where it would not be useful.
Data requirements. Measures of earnings quality based on accounting data are typically estimated using either a firm-specific time-series of annual data or industry cross-sections. 6 Either approach places significant restrictions on sample sizes and, in the case of firm-specific time-series estimation, biases the sample toward surviving firms which tend to be larger and more profitable. To illustrate this point, we refer to Table 1 of Dechow-Dichev (2002) Subramanyam's (1996) cross-sectional modified Jones model estimation and reports a sample size of 56,692 firm-years over 1971-1992 for a relatively broad industry definition: at least six firms in a 2-digit SIC code (he also excludes Nasdaq firms prior to 1982). Over this period, there are 106,645 firm-years with non-missing returns data on CRSP (also excluding Nasdaq firms prior to 1982), indicating a sample loss of about 47%.
The decrease in sample size is more extreme if the industry requirements are tightened either by requiring more firms in the industry or by using more precise industry definitions. For example, Dechow-Dichev (2002, Periodicity of measurement. In extensions of our main findings (reported in section 6), we show that e-loadings can be reliably calculated over intervals as short as 45 trading days, or roughly one quarter. Further, these 45 days need not be aligned with reporting periods. These two features mean that e-loadings can be used to examine shifts in earnings quality over short intervals and around events that occur at any time. In contrast, accounting-based measures of earnings quality are by construction linked to annual or quarterly reporting periods, cannot be applied to short intervals, and cannot be specific to a given financial statement date because they will be based on both current and prior data.
Research settings where returns-based representations of earnings quality offer advantages. The two advantages of e-loadings (or other returns-based representations of earnings quality) previously discussed point to the places where these earnings quality measures can be particularly useful. Because eloadings can be calculated for samples comprised of younger smaller firms that have (at least) one or more quarters of daily returns data but lack a time series of accounting data, research questions involving, for example, earnings quality for firms that have gone public within the last two years are more readily addressed using a returns-based representation.
While the sampling advantage means that using e-loadings increases sampling power and generalizability, the periodicity advantage means that e-loadings can be used when the research question of interest pertains to an event, occurring at any time, that has the potential to shift investor perceptions of earnings quality. Our reliability assessments in section 5. Finally, the approach used to develop e-loadings is flexible with regard to other earnings attributes. That is, the factor-mimicking approach we use could be applied to attributes called for by a specific research question, such as smoothness or persistence. Therefore, if the research question requires, for example, a short-interval assessment of possible shifts in investor perceptions of earnings persistence, it would be possible to apply the approach we use to develop persistence-based e-loadings.
Research settings where returns-based representations of earnings attributes are inapplicable.
There are two kinds of settings where the approach we describe would be either inapplicable or perhaps of low power. With regard to the issue of power, recall that the e-loading measure captures investor perceptions of total earnings quality; however, in some settings it is discretionary earnings quality that is of interest. Previous research (Francis et al., 2005) shows that the portion of accruals quality that is due to management's reporting choices is less priced than is total or innate accruals quality. This distinction has implications for the power of tests requiring a measure of the discretion in management's short term decisions.
With regard to the question of applicability, a returns-based representation of an earnings attribute cannot capture the sign of the underlying factor (e.g., positive or negative abnormal accruals). A returnsbased representation would not, therefore, be applicable in settings which require tests of directional predictions concerning opportunistic earnings management (e.g., tests of whether earnings are managed up or down in response to some posited incentive).
AQ and AQFactor Mimicking Portfolios
Our main tests use Dechow and Dichev's (2002) accruals quality metric to capture earnings quality. This choice is based on Francis et al.'s (2004) finding that accruals quality has a stronger association with the cost of equity than other earnings attributes. As discussed in Francis et al. (2005, section 2.1) theories developed by Easley and O'Hara (2004) and Leuz and Verrecchia (2005) 
where We assign firms to AQ deciles using a dynamic portfolio technique that allows for differences in firms' fiscal year ends as well as over-time changes in accruals quality. Specifically, we form deciles on the first day of each month m based on the firm's most recent value of AQ known prior to m; firms with the smallest (largest) AQ values are placed in the first (tenth) decile. This means that firm j's AQ signal for fiscal year T, where fiscal year T ends in month n, will influence firm j's ranking for months n+4 through n+15. We then calculate the average daily return for each decile for the period January 2, 1970 (the first trading day of 1970) to December 31, 2003, yielding a time series of 8,586 daily returns for each decile (D1,…,D10). The AQ factor-mimicking portfolio, AQfactor, equals the difference between the daily returns of the poorest AQ deciles (deciles 7-10) and the best AQ deciles (deciles 1-4). This procedure (similar to that used by Carhart (1997) to construct a factor mimicking portfolio for price momentum) yields a series of 8,586 daily AQfactor returns ( t AQfactor ). 9 8 Calculating the AQ measure in year T using the residuals in years T-5 to T-1 accounts for the fact that equation (1) contains a lead term, CFO j,T+1 . In total, calculation of AQ requires seven years of data because we require five residuals and the model contains two lag terms. 9 Carhart's procedure differs from Fama and French's (1993) procedures used to create size and book-to-market mimicking factors in two respects: he uses equally-weighting rather than value-weighting and does not orthogonalize with respect to firm size. As sensitivity tests, we re-create an AQfactor that is value-weighted within each cell and orthogonalized with respect to size. (Both value-weighting and orthogonalization serve to remove any size-shared variation from the estimation of the e-loadings.) Results based on the value-weighted, sizeorthogonalized AQfactor (not reported) are similar in all respects to those documented.
For our sample, the average value of t AQfactor is 0.0779%, or about 22% on an annualized basis; the standard error is 0.0085%. To put these figures in perspective, over the same time period the average daily excess market return is 0.0216% (standard error of 0.0102%), the average value of the daily SMB is 0.0021% (standard error of 0.0056%), and the average value of the daily HML is 0.0224% (standard error of 0.0052%). AQfactor is reliably different from zero (t-statistic = 9.17, or the mean value of 0.0779% divided by its standard error of 0.0085%), and has a higher t-statistic than the other risk factors (the t-statistics for market risk, SMB and HML are 2.12, 0.37 and 4.28, respectively).
Because AQfactor is time-specific, not firm-specific, we can correlate AQfactor with the returns of any firm to determine that firm's exposure to poor earnings quality, much like we correlate a firm's returns with the market risk premium to obtain a measure of its exposure to market risk. The specific correlation measure we use is the coefficient estimate on AQfactor obtained from 1-factor (superscript 1f) and 3-factor (superscript 3f) asset pricing regressions which include AQfactor as an independent variable: 1-factor:
3-factor :   3  3  3  3  3  3  ,  ,  , For the 1-factor (3-factor) specification, 1 ,
e ) is the estimate of firm j's sensitivity to poor earnings quality in year T. The other slope coefficients,
, and
, capture the firm's exposure to returns representations of market risk, size, and book-to-market, respectively, in year T.
In summary, we create an accounting-based measure of accruals quality , j T AQ using a restricted sample of firms with seven years of accounting data, convert AQ to a time-specific returns representation ( t AQfactor ), and use this time-specific returns representation in firm-and year-specific regressions to obtain a firm-year returns-based representation of earnings quality ( # , , # 1 or3
). Relative to the original accounting-based measure, e-loadings can be calculated for much larger samples because they require only enough daily returns in year T to estimate (2) or (3). An additional benefit of the returns approach is that because t AQfactor varies through time, e-loadings are not constrained to be slow to change, as is AQ which requires seven years of accounting data and therefore has a mechanical dependence year over year.
Sample and Descriptive Data
We begin by identifying all firms with the necessary data to estimate AQ in each year T=1970-
(the AQ Sample)
. 10 Using the AQ measures, we calculate AQfactor using the procedures described in section 3. Next, we identify all firms with at least 100 daily returns in year T (the Returns Sample).
The requirement of 100 daily returns in year T to estimate (2) and (3) is ad hoc, and we assess its sensitivity in section 6. Table 1 $1,298 million versus $908 million) and more successful firms (mean ROA is 3.7% versus 2.6%; mean ROE is 7.3% versus 5.5%). These data demonstrate that the Returns Sample dominates the AQ Sample on both sample size and survivorship bias. Given that the Returns Sample is minimally restricted (i.e., it requires only 100 daily returns in year T), it is more representative of the population than is the AQ Sample, which requires a firm to have seven years of accounting data for inclusion in year T.
We next estimate firm-year e-loadings for the Returns Sample, using equations (2) and (3) . The other loadings in these models (i.e., β for the CAPM and β, s and h for the 3-factor model) exhibit similar variation. The mean and median explained variation of the augmented 1-factor and 3-factor models is between 3% and 9%, less than the 16-20% reported by Francis et al. (2005) for estimations requiring a minimum of 18 monthly observations per firm. The lower explained variability is expected because we estimate our models using daily returns which are noisier than monthly returns.
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Analysis of e-Loadings
Our four analyses of the reliability of e-loadings are complementary, in that they use different research designs and distinct indicators of earnings quality. Section 5.1 uses a cross-sectional design to analyze the associations between e-loadings and both determinants of accruals quality and measures of earnings quality that have been used in other research settings. Section 5.2 also uses a cross-sectional design, but the focus of the analysis is on earnings response coefficients and properties of analyst forecasts. Section 5.3 shifts to a time-series design, and considers the over-time relation between eloadings and firm age as a summary indicator of available firm-specific information. Finally, section 5.4
analyzes the relation between e-loadings and events associated with poor earnings quality.
Associations between e-loadings and determinants of and proxies for earnings quality
Our first analysis considers whether accounting-based determinants of earnings quality explain cross-sectional variation in e-loadings. We focus on the five innate determinants proposed by Dechow 11 Note that these R ) Sales σ using data from year T-6 to T. Because of the latter calculation, the sample used for these tests is the AQ Sample not the Returns Sample. Table 2 , panel A shows the results of regressing the year T e-loadings on the innate determinants.
We report the average values of the coefficient estimates obtained from 34 yearly regressions; t-statistics are based on the standard errors of the 34 annual coefficients (Fama and MacBeth, 1973) . The results indicate that e-loadings are highly correlated with each of the innate determinants, in the directions predicted by Dechow and Dichev: e-loadings are negatively correlated with firm size, and positively correlated with the variability of cash flows and sales, the length of the operating cycle, and the incidence of losses (t-statistics range in absolute value from 8.70 to 16.10).
Our examination of the relation between e-loadings and other measures of earnings quality focuses on the seven earnings attributes considered by Francis et al. (2004) : accruals quality itself (AQ), earnings persistence (Persistence, measured as the negative of the AR1 parameter from firm-specific regressions of current earnings per share on lagged earnings per share), earnings predictability (Predictability, measured as the standard deviation of the error term from firm-specific AR1 models of earnings), smoothness (Smoothness, measured as the ratio of the standard deviation of earnings to the standard deviation of cash flows), value relevance (Value Relevance, measured as the negative of the explained variability of a regression of annual returns on the level and change in earnings per share), timeliness (Timeliness, measured as the negative of the explained variability from a Basu (1997) reverse regression of earnings on returns controlling for the sign of those returns), and conservatism (Conservatism, measured as the negative of the coefficient on negative returns from the aforementioned reverse regression). We follow Francis et al.'s (2004) procedures and estimate each attribute over rolling 10-year windows. Associations are calculated between these measures of earnings quality and the eloadings averaged across the same rolling 10 year windows. Each measure is ordered consistently such that higher (lower) values indicate poorer (better) earnings quality. Table 2 , panel B shows the pairwise correlations between the e-loadings and the earnings quality proxies. To the extent that the e-loadings are correlated with the constructs captured by each of these attributes, we expect to observe positive correlations between e-loadings and each variable. For example, the correlation between e-loadings and AQ provides evidence on whether e-loadings capture the variable that underlies the construction of the AQfactor. We expect and find that this correlation is positive, with magnitudes ranging from 0.4397 to 0.5008, all significant at the 0.0001 level.
12 Francis et al.'s (2004) results suggest that associations between the e-loadings and the earnings quality attributes should be strong for the three attributes based only on accounting numbers, and weak for the three attributes that are 
Market participant behaviors as a function of e-loadings
In this section, we examine whether e-loadings are associated with predictable variation in investor and analyst behaviors. Our first analysis builds on prior research (e.g., Imhoff and Lobo, 1992) that posits information uncertainty as a determinant of investors' response to earnings as captured by the coefficient relating returns to earnings (earnings response coefficient, or ERC). Our test of whether firms with higher e-loadings have smaller ERCs is based on the following regression:
where CAR(-1,0) j,t = firm j's two-day cumulative abnormal return over the quarterly earnings announcement, where abnormal return is defined as the raw return less the value-weighted market return; and UE j,t = unexpected earnings conveyed by firm j's quarterly earnings announcement made on day t, equal to firm j's reported earnings for quarter q less the consensus analyst forecast, scaled by firm j's share price twenty days before the earnings announcement date.
Results of estimating equation (4) are shown in 13 The results show that earnings news announced by higher e-loading firms is associated with a significantly weaker market response than is earnings news announced by lower eloading firms: λ 2 = -0.0415 (t-statistic = -3.96) using 1 f e , and λ 2 = -0.0370 (t-statistic = -4.32) using 3 f e .
We also estimate quarterly regressions which include UE interacted with other variables known to affect earnings response coefficients: whether the firm reported a loss in quarter q (NegEarn = 1 if reported earnings in quarter q are negative, 0 otherwise), firm size (ln(Size) = log of firm j's sales revenues), firm j's market-to-book ratio (MB), and the ratio of firm j's debt to equity (Leverage): 
Results of estimating (5), reported in Panel B, continue to show that firms with larger e-loadings have smaller responses to earnings news (t-statistics for λ 2 are -2.16 using 1 f e and -3.14 using 3 f e ).
Our second analysis of the relation between e-loadings and market participant behavior examines the dispersion and accuracy of analysts' earnings forecasts. Based on prior research, we predict that firms with higher e-loadings have more difficult-to-predict earnings, resulting in both more dispersed and less accurate forecasts relative to lower e-loading firms. More specifically, prior research reports positive 13 An alternate approach is to estimate (4) as a pooled regression, with t-statistics based on Newey-West (1987) adjusted standard errors to control for heteroscedasticity and autocorrelation. Inferences (not tabulated) are the same: in particular, the t-statistic for λ 2 is -7.17 (-7.61) for
relations between random walk measures of earnings surprise-which we interpret as indicators of difficult-to-predict earnings-and both forecast dispersion and forecast accuracy.
14 Following prior literature, we measure forecast dispersion as the standard deviation of analysts'
EPS forecasts for quarter q, scaled by share price at the beginning of the quarter. Tests of dispersion are conducted on all firms with at least three earnings forecasts for quarter q issued in the three months preceding the announcement of quarter q earnings; the three or more forecasts produce a standard deviation of the forecasts made in quarter q for firm j, , j q Dispersion . We measure forecast accuracy as the absolute forecast error (the difference between reported and forecasted EPS for quarter q, scaled by share price at the beginning of the quarter). Tests of forecast accuracy are conducted on all firms with at least one quarterly earnings forecast for quarter q in the three-month period preceding the quarter q earnings announcement; our measure of forecast accuracy, 
Equations (6) and (7) control for forecast age and firm size, both of which have been shown to affect forecast dispersion and accuracy (Bowen et al., 2002) . Forecast age ( q j Age , ) is the average number of 14 Lang and Lundholm (1996) and Bowen, Davis and Matsumoto (2002) . We estimate equations (6) and (7) using both pooled and quarterly estimations; results are similar for the two approaches, so we tabulate only the quarterly results. (6) and (7) including the three measures of earnings surprise considered in prior research (described in footnote 14). Even controlling for these other surprise measures, the results show that e-loadings remain significant (t-statistics, reported
in Table 4 , range from 2.92 to 8.40) in explaining properties of analysts' forecasts.
Patterns in e-loadings associated with firm age
This section examines patterns in e-loadings associated with firm age, which we view as an inverse measure of investor perceptions of the amount and stability of firm-specific information. Our examination is predicated on the view that the relatively sparse firm-specific information that is available for younger firms induces greater uncertainty about that firm's business, including uncertainty about its financial reporting quality. We conduct two investigations involving firm age and e-loadings. The first involves newly listed firms: for such firms, we expect information uncertainty is highest at initial listing, and declines as more information becomes available as the firm matures. This hypothesis follows from Lang's (1991) over-time changes in the sample composition, we repeat our tests restricting the sample to firms that survived at least 10 years following listing; results (not tabulated) show a significant decline in e-loadings for this sample. Overall, we interpret declines in e-loadings as a function of firm age as evidence that, as firm-specific information increases, investor uncertainty about reporting quality decreases.
Our second analysis investigates the prediction that e-loadings exhibit greater year-over-year stability for relatively mature firms than they do for relative young firms. In examining stability, we do not suggest that a firm's e-loadings must be the same from one year to the next; indeed, a benefit of eloadings is that their estimation procedures do not force them to be constant over short intervals. As a practical matter, however, we would not expect to observe significant year-to-year changes in a firm's earnings quality (or investors' perceptions of that earnings quality) for firms with relatively stable reporting and information environments because, for such firms, relatively less new information about earnings quality is likely to be revealed each year. Our measure of the stability of e-loadings is the autocorrelation (AR1) parameter estimated for each cross-section of firms of FirmAge = 0,…,39+ ( # 1 ω ): 16 We truncate observations at FirmAge =39 because the sample size is small for values of FirmAge > 39; results are not sensitive to this truncation. FirmAge=39+ (t-statistics for these increases, not reported, are 9.86 and 7.98). In summary, both the level of e-loadings and their stability exhibit systematic patterns related to firm age: (1) the level of e-loadings is highest at initial listing and declines as the firm matures; and (2) the year-over-year autocorrelation in e-loadings increases with firm age.
Patterns of e-loadings associated with restatements, lawsuits and bankruptcies
Our final analyses investigate whether e-loadings are higher in three situations characterized by objective evidence of poor financial reporting quality: financial statement restatements, shareholder lawsuits, and bankruptcies. These analyses are carried out in event time; so, for example, year 0 for the Restatement Sample (Lawsuit Sample) [Bankruptcy Sample] is the year the restatement was announced (the lawsuit was filed) [the firm delisted due to bankruptcy]. Using an event-time analysis allows us to control for other (unrelated) influences on over-time patterns in e-loadings by comparing e-loadings of the event firms with e-loadings of non-event firms matched on calendar time. The event-time analysis also allows us to exploit the fact that each year there are many more firms who do not restate, are not sued, and do not go bankrupt than there are firms that experience any of these events. Specifically, for each of the Event Samples, we select 100 equal-size random samples of non-event firms, with a yearly distribution that is identical to that of the Event Sample. To the extent the smaller number of Event Sample observations is associated with greater measurement error in e-loadings than are the e-loadings of the larger set of non-event firms, equating the size of the Event and Non-Event Samples minimizes measurement error differences between the estimates derived from the two samples. Separately, equating the yearly distributions controls for calendar time influences affecting e-loadings. The 100 non-event samples create an empirical distribution of non-event e-loadings. A comparison of event e-loadings to this empirical distribution provides evidence on whether the e-loadings of the event firms are statistically distinguishable from those of firms that did not experience events associated with poor earnings quality. Our analyses of the Event Samples are intended to provide evidence on two issues: first, whether e-loadings increase for event firms relative to the non-event benchmark samples in the years preceding events that provide objective evidence of poor earnings quality ("pre-event tests"); and second, whether eloadings decline in post-event periods for firms in the Restatement and Lawsuit Samples ("post-event tests"). (Post-event declines in e-loadings cannot be investigated for the Bankruptcy Sample because, by definition, these firms ceased trading, so returns data are not available to construct e-loadings in postbankruptcy periods.) The pre-event and post-event tests are predicated on the assumptions that (1) earnings quality deteriorated in the period preceding each of the three events and was, to some extent, 17 Empirical distributions of comparison samples have been used in other contexts to establish a benchmark for assessing whether a test sample is distinctive. For example, Alford, Jones, Leftwich and Zmijewski (1993) use this approach to compare the value relevance and timeliness of earnings in the US versus sixteen non-US jurisdictions. They compare measures of value relevance and timeliness for each of 16 non-US test samples with an empirical distribution of 100 year-, size-and industry-matched US samples.
corrected in the year after the event, and (2) investors were able to discern at least some portion of this deterioration. Our pre-event tests are clearly more sensitive to the second assumption than are the postevent tests, because the events we examine were all publicly disclosed.
In terms of the first assumption, prior research provides mixed evidence on the association between earnings quality and events such as restatements, lawsuits and bankruptcies. For the most part, this research examines changes in earnings quality metrics before and after restatements. For example, Anderson and Yohn (2003) compare bid-ask spreads and earnings response coefficients before and after restatements and find no change in spreads and a decline in ERCs. Moore and Pfeiffer (2004) find no significant difference in reporting aggressiveness (measured by abnormal accruals) before versus after a restatement. Taken together, these results suggest that correcting a GAAP violation by restating has either no effect, or a worsening effect, on earnings quality. These findings are at odds with intuition:
assuming that GAAP earnings are of high quality, one would expect that when a GAAP violation is cured, the quality of the firm's financial reports improves not worsens.
In terms of the second assumption, prior research suggests that accounting data have predictive ability for the three events we study. Richardson, Tuna and Wu (2002) find that restatement firms have large accruals in the years of alleged manipulation, and that restatement firms try to maintain earnings patterns (such as consecutive positive earnings surprises and earnings growth). Research on lawsuit firms shows that firms sued over allegedly defective financial disclosures have systematic patterns in accounting variables, including higher levels of accounts receivable and inventory (Stice, 1991) , more income-increasing total accruals (Lys and Watts, 1994) , and more income-increasing abnormal accruals (Heninger, 2001) . Finally, numerous studies document systematic patterns in accounting data for bankrupt firms, including declines in profitability and increases in measures of financial distress (such as increases in book-to-market ratios and bankruptcy indices, Altman, 1968; 1993) . Taken as a whole, we believe previous research supports the assumption that market participants have at least some information to form expectations about restatements, lawsuits and bankruptcies before these events occur.
We analyze several predictions about the e-loadings of the Event and Non-Event Samples. First, we expect each Event Sample has larger e-loadings than its comparison Non-Event Samples in the event year, and in one or more years leading up to the event. Second, we expect that e-loadings of each Event Sample increase over time, relative to the e-loadings of comparison Non-Event Samples. For the Restatement and Litigation Samples we expect that e-loadings decline in year +1, consistent with year 0 actions correcting the financial reporting problems, e.g., restatement firms stop using incorrect GAAP and issue corrected financial statements. As noted earlier, we do not test whether e-loadings decline in year +1 for the Bankruptcy Sample because these firms cease trading after year 0. th from the bottom of the 100 mean Non-Event mean e-loadings.
Restatement sample and tests
Panel A of Table 6 shows that, as predicted, Restatement firms' e-loadings increase over the period preceding the restatement announcement year: the mean value of 
Bankruptcy sample and tests
We identify 618 firms that went bankrupt during 1970-2003 using delisting codes obtained from the CRSP database. Requiring returns data reduces the sample to 371 bankruptcy observations. 18 The yearly distributions of both samples are similar (panel C, Table 5 ). Results comparing the e-loadings of Bankrupt firms with Non-Event firms are shown in panel C of Table 6 . We observe an upward trend in both 1 f e and 3 f e for Bankrupt firms over the event years, with the highest e-loadings found in the year 18 The decline in sample size is due to the fact that requiring at least 100 daily returns in calendar year T effectively eliminates firms that went bankrupt in the first five months of year T. 
Summary of results of event tests
The weight of the evidence for the three Event Samples supports the following inferences. First, e-loadings are significantly larger for Event firms than for Non-Event firms in the event year (for all Event Samples) and in the year following (for the Lawsuit and Restatement Samples). Second, for all Event Samples there is an increase in the mean e-loading of the Event firms over years -5 to 0. For the Restatement Sample, we also observe the predicted decline in e-loading between year 0 and year +1;
however, this pattern is not systematically observed for the Lawsuit Sample. Third, the difference between the e-loadings of the Event firms and the Non-Event firms tends to increase over years -5 to year 0 for all Event Samples. This pattern, which controls for changes in e-loadings due to economy-wide factors, indicates that investors perceive declining earnings quality for Event firms over the period leading up to and culminating in the event year. This pattern is most pronounced, and begins earliest, for the Bankruptcy Sample where, arguably, investors have access to relatively more pre-event information.
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As a check on our treatment of the events as independent, we calculated the overlap in firms represented in the three Event Samples. The Bankruptcy Sample displays minimal overlap with either the Restatement Sample (4.3%) or the Lawsuit Sample (7.8%). For the Restatement and Lawsuit Samples, the overlap is 25-27%. We address this sample dependence by repeating the tests in Table 6 excluding all 19 Note that the results for 3 f e control for changes in other risk factors over the event periods. The importance of this is best demonstrated by the bankruptcy sample, where firms' risk profiles change as they approach bankruptcy. Consistent with Fama and French's (1995) finding that h-loadings proxy for relative distress, we find that hloadings increase for firms approaching bankruptcy.
firms that appear in more than one Event Sample. The results (not reported) are similar to those for the full sample, in terms of both the magnitudes of the coefficients and their statistical significance.
Extensions
We conduct several extensions of our main analyses. First, to examine the possibility that our results are driven by the subset of firms with data on AQ (i.e., the AQ Sample), we repeat our tests on the subset of firms in the Returns Sample but not in the AQ Sample. Results (not tabulated) are similar in all respects to those reported. This finding demonstrates that the significant expansion of sample size made possible by not requiring data on AQ produces e-loadings that are as reliable as e-loadings generated for the AQ Sample itself.
Second, we consider how well e-loadings for other earnings quality proxies perform, relative to eloadings based on AQfactor. Our aim is to assess whether any returns representation of earnings quality performs equally well along the dimensions we examine. We calculate mimicking factors for the six earnings quality proxies considered in section 5.1, yielding a returns representation for each: ( ) Factor k , , we conclude that e-loadings based on accruals quality performs at least as well as, or better than, e-loadings based on other measures of earnings quality.
Fourth, we consider whether shorter estimation periods produce e-loadings that reliably capture earnings quality. Shorter estimation intervals are advantageous because they place fewer restrictions on the sample and allow for greater time-variation in e-loadings; they are disadvantageous because they increase the noise in the resulting e-loadings. Our extension investigates how well e-loadings perform when they are calculated at the quarterly level; here, we require a firm to have at least 45 daily returns in calendar quarter Q to estimate its quarterly e-loading, e are reliably significant at the 10% level or better. We conclude that returns-based representations of earnings quality calculated using as few as 45 daily returns reliably capture aspects of earnings quality.
Our fifth and final extension considers the overlap between properties of e-loadings and properties of broader measures of information risk or information asymmetry. The two most prominent such measures are bid-ask spreads and probability of informed trading (PIN) scores. The properties of both measures have been explored primarily in the market microstructure literature (see Huang and Stoll [1997] for bid-ask spreads and for PIN scores). Huang and Stoll show that the bid-ask spread has three components: (i) processing costs, (ii) inventory costs, and (iii) costs due to adverse selection/information asymmetry. Based on extensive data analysis (they analyze all trades during one year for their sample firms), they conclude that the average adverse information component is 9.6% of the spread. This finding is based on very large firms; it is conceivable that the information asymmetry component is relatively more important for stocks of smaller and younger firms (Easley, Kiefer, O'Hara and Paperman [1996] ). Probability of informed trading (PIN) scores incorporate information on spreads as well as order flow information to generate an estimate of the probability that a given trade order originates from a privately informed trader. Firms with larger PIN scores are viewed as having more information asymmetry among investors than firms with smaller PIN scores.
We use bid ask-spread data for Nasdaq firms for 20 and we use PIN scores for NYSE/AMEX firms for the period 1983-2001. 21 As an initial assessment of the overlap between eloadings and both bid-ask spreads and PIN scores, we correlate firm-year e-loadings with firm-year average bid-ask spreads and firm-year PIN scores. To control for scale effects, we divide the bid-ask spread by the midpoint of the bid and ask. The Pearson (Spearman) correlation between e-loadings and bid-ask spreads is 0.14 (0.12); the correlation between e-loadings and PIN scores is similar: 0.13 (0.16).
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All correlations are significant at the 0.01 level. We interpret these results as indicating that while there is statistically non-zero overlap between e-loadings and these measures of information asymmetry, its economic magnitude is limited. This result is consistent with Huang and Stoll's conclusion that a small portion of the bid-ask spread (about 10%) can be linked to information asymmetry.
We probe these results further by orthogonalizing e-loadings with respect to bid-ask spreads and PIN scores, respectively. Our goal is to assess the sensitivity of the main results to the shared variation between e-loadings and bid-ask spreads, and between e-loadings and PIN scores. Specifically, we run the following regressions by year:
20 CRSP reports bids and asks for all securities listed on The Nasdaq National Market since November 1982, and all Nasdaq securities since June 15, 1992. The inside quotation (the highest bid and lowest ask) is used as the closing bid and ask. The source data for February 1986 is missing; hence, this month is also missing on CRSP. 21 These data are from Søren Hvidkjaer's web site [http://www.smith.umd.edu/faculty/hvidkjaer/]. To be included in year T, a stock must further have at least 60 days with quotes or trades in that year. The final sample has between 1,863 and 2,414 stocks per year. 22 We cannot assess the overlap between bid-ask spreads and PIN scores because the former are available for Nasdaq firms and the latter for NYSE/AMEX firms. However, for a sample of firms where both measures are available, Hasbrouck (2004) reports correlations between closing spreads and PIN scores of 0.40 (Pearson) and 0.66 (Spearman). 24 Based on these results, as well as those in Table 7 , we conclude that the earnings quality effects captured by e-loadings are not driven by information asymmetry effects captured by bid-ask spreads and PIN scores.
Summary and Conclusion
We describe a returns-based representation of earnings quality, in the form of the coefficient estimate (the e-loading) from firm-specific regressions of daily excess returns on a factor-mimicking portfolio capturing earnings quality, controlling for other risk factors. Our analysis is predicated on Francis et al.'s (2005) analysis of accruals quality as a valid empirical measure of information risk as a priced factor. Theoretical support for information risk as a priced factor is provided by analytical models, for example, Easley and O'Hara (2004) , Leuz and Verrecchia (2005) , and Lambert, Leuz and Verrecchia (2005) . Each of these studies posits a different information risk pricing mechanism: Easley and O'Hara provide a trading model in which better quality reporting reduces the information risk faced by investors who have access to public signals only; Leuz and Verrecchia provide a real effects model in which higher 24 Further, in the market participant tests where it is straightforward to include quality reporting supports a better alignment between investors and managers with respect to investment decisions (a solution to an agency problem); and Lambert et al. posit a framework in which information risk may be priced because of the inability to fully specify a forward-looking CAPM beta. We do not distinguish among various reasons put forward by analytical research for why information risk is priced (although we regard this as an interesting research question). Moreover, our reading of these papers suggests that different reasons for why information risk is priced may coexist; for example, Lambert et al. explicitly note that apart from their own model, effects such as those in Easley and O'Hara can influence firms' costs of capital.
Our tests build on prior empirical research demonstrating that information risk (as proxied by accruals quality) is priced; we extend this work by developing and validating a returns-based representation of information risk that has several empirical advantages relative to accounting-based representations. While our main tests focus on accruals quality, we note that accruals quality is not the only valid empirical measure of information risk; moreover, accruals quality may capture effects other than information risk (although we attempt to control for known effects in our tests). As a returns-based representation of earnings quality, e-loadings are subject to similar caveats.
We document that e-loadings are a reliable returns-based representation of earnings quality as measured by accruals quality. That is, e-loadings are positively associated with other measures of earnings quality; they proxy for the uncertainty in earnings as viewed by investors and by analysts; and they exhibit expected over-time patterns as a function of firm age. Further, in settings where earnings quality has arguably changed (restatements, lawsuits, and bankruptcies), e-loadings show predictable patterns both over-time and in relation to e-loadings for firms which did not experience these events. We find similar patterns for e-loadings based on both annual and quarterly estimations, and for e-loadings that are value-weighted and orthogonalized with respect to firm size versus equal-weighted and not sizeorthoganalized.
The demonstrated reliability of yearly and quarterly e-loadings has at least two implications for future research. First, e-loadings impose fewer sampling restrictions, relative to measures of earnings quality calculated using a time-series of either accounting data (such as persistence, predictability and smoothness) or a combination of accounting and market data (such as value relevance, timeliness or conservatism). The longer the time-series required to obtain a reliable estimate of these other measures, the fewer firms with the required series (leading to smaller samples), the greater is the survivorship bias (leading to samples skewed toward larger, successful firms), and the more static (that is, the less timespecific) is the resulting measure. In contrast, because reliable e-loadings can be calculated using only returns data, the resulting samples are more representative of the population of firms (that is, the samples can include smaller, younger firms that lack a time-series of Compustat data) and the e-loadings themselves are not mechanically constrained to be constant or slow to change. The greater representativeness of the sample affords both greater power (due to more variation in attributes of sample firms) and greater generalizability. In addition, because e-loadings can be estimated reliably over intervals as short as a quarter, they can be used to examine the effects of events (such as the promulgation of new accounting standards) or actions (such as earnings management) that might be expected to influence earnings quality at points in time or over fairly short intervals.
A second implication derives from the significant associations between e-loadings and other measures of earnings quality, such as persistence, smoothness, predictability and, to a lesser extent, value relevance, timeliness and conservatism. To the extent these other measures are viewed as capturing aspects of a firm's "true" earnings quality, positive associations between them and e-loadings suggest that investors' perceptions of earnings quality are rational. Stated differently, if investors were unable to discern (or unable to discern correctly) the pricing implications of earnings quality, we would not expect e-loadings to correlate with non-perception-based measures of earnings quality or with innate factors that have been shown to explain such measures.
We believe that returns-based measures of earnings quality are most appropriate in research settings that analyze changes in financial reporting quality, either because of a required change in reporting or because of a voluntary reporting or disclosure decision. Returns-based measures are likely to be less appropriate, or inapplicable, in research settings that are characterized by: shifts in both information risk and fundamental risks (such as mergers); explicit predictions about signs and/or magnitudes of effects (there is no theory which predicts the signs or magnitudes of e-loadings); or a requirement to separate total earnings quality into discretionary and innate portions. We also acknowledge that our results do not speak to whether e-loadings based on accruals quality are the preeminent returns-based measure of earnings quality. It seems unlikely that any single measure would be best in all research settings and, in fact, our results suggest that e-loadings based on other measures of earnings quality, such as persistence and smoothness, also exhibit substantial reliability. However, our results also indicate that e-loadings based on accruals quality perform at least as well as other measures in the contexts that we examine. a Panel A reports the results of annual regressions of e-loadings (based on the CAPM and, separately, 3-factor model) on variables capturing innate features of earnings quality: log(Assets) = firm j's log of total assets in year T (a measure of size), ( ) CFO σ = standard deviation of cash flows over year T through T-6, ( ) Sales σ = standard deviation of sales calculated over years T-6 to T, log(OperCycle) = log of the sum of days receivables and days inventory), NegEarn equals 1 if year T earnings are negative, 0 otherwise. We report the mean value of the 34 annual coefficients; t-statistics are based on the standard errors of the 34 annual coefficients.
b Panel B reports the correlation between e-loadings and several measures of earnings quality: accruals quality (AQ), Persistence (AR1 parameter from firm-specific regressions of current EPS on lagged EPS), Predictability (standard deviation of the residuals from firm-specific AR1 models of EPS), Smoothness (ratio of the standard deviation of earnings to the standard deviation of cash flows), Value Relevance (explained variability of a regression of annual returns on the level and change in earnings per share), Timeliness (explained variability from a regression of earnings on returns controlling for the sign of returns), and Conservatism (coefficient on negative returns from the aforementioned reverse regression). These proxies are estimated using rolling 10-year windows, and are ordered such that larger values denote poorer quality (i.e., we use the negatives of the calculated measures for Persistence, Value Relevance, Timeliness and Conservatism). To compare these 10-year based measures of earnings quality with our firm-and year-specific e-loadings, we average the e-loadings across the same rolling 10 year windows. to earnings announcements on unexpected earnings, unexpected earnings interacted with e-loadings, and other variables known to affect the market reaction. UE = unexpected earnings conveyed in quarterly earnings announcement, measured using analysts' consensus forecast as the measure of expected earnings. Panel A shows the results of regressing cumulative abnormal returns in days (-1,0) on UE and UE interacted with e-loadings. Panel B shows similar regressions which include UE interacted with other variables known to affect the earnings response coefficient: negative reported earnings (NegEarn = 1 if reported earnings in quarter q are negative, 0 otherwise); firm size (ln(Size) = log of sales revenues); market-to-book ratio (MB); and the ratio of debt to equity (Leverage). Tstatistics are based on the standard errors of the 80 quarterly coefficients. , j q Dispersion = the price-scaled standard deviation of analysts' earnings forecasts for firm j's quarter q made in the three months preceding the quarter q earnings announcement. , j q FE = the average value of the price-scaled absolute forecast error for all quarter q forecasts about firm j made in the three months preceding the quarter q earnings announcement. Sample descriptions: See Table 5 for descriptions of the three Event Samples (Restatement, Lawsuit and Bankruptcy). For each Event Sample we randomly select 100 Non-Event Samples. Each of the 100 Non-Event Samples contains the same number of firms as the Event Sample; observations are selected from all non-event firms in year T so as to replicate the year-by-year distribution in the Event Sample.
a The columns labeled "Event Sample" show the mean e-loading for all Event firms in year T=-5,…,+1 (for the Bankruptcy Sample, we end with year 0). The columns labeled "Non-Event Sample" show the average value of the e-loading calculated across the 100 Non-Event Samples. The columns labeled "Diff." show the difference between the mean values of the e-loadings for the Event and Non-Event Samples; the columns labeled "t-stat." show the tstatistic assessing the statistical significance of this difference (from zero). Finally, the columns labeled "%-tile" show the percentile rank of the mean e-loading of the Event Sample within the empirical distribution of mean eloadings for the Non-Event Samples. For example, a percentile rank of 100 implies that the Event Sample e-loading is the largest e-loading value of the distribution of mean e-loadings for the Non-Event Samples. Years since initial listing Figure 1 shows the relation between firm age (measured as years since year 0, the year when the firm first listed on any one of the US stock exchanges) and the mean e-loading calculated across all firms in event year T. The graph demonstrates that e-loadings are highest in the early years of a firm's life and decline thereafter. The downward trends are reliably different from zero at the 0.0001 level. Years since initial listing Figure 2 shows the relation between firm age and the stability of the year-over-year e-loading. Stability is measured as the AR1 parameter from a regression of # , j T e on # , 1 j T e − , estimated in cross-section for all firms of FirmAge=1,…,39+. We report the AR1 parameter for each of the FirmAge groups. The graph demonstrates that the stability of e-loadings is lowest in early years of a firm's life and increase thereafter. The upward trends are reliably different from zero at the 0.0001 level.
